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(57) ABSTRACT

A computer-implemented system provides a browse tree in
which 1tems represented within a database are arranged
within a hierarchy of 1item categories. Each time a user selects
an 1tem, an amount of credit 1s cumulatively assigned to the
ancestor nodes (categories) of the selected 1tem. The amount
of credit assigned to a particular category of the browse tree
over time for a given user represents the user’s predicted
allinity for that category. The user’s relative preferences for
some or all of the categories are predicted by calculating
differences between the user’s predicted affinities for such
categories and the predicted affimities of a population of users
for such categories. Scores reflective of these relative cat-
egory preferences are m-turn used to provide personalized
recommendations or other personalized content to the user.

16 Claims, 4 Drawing Sheets
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PREDICTIVE ANALYSIS OF BROWSE
ACTIVITY DATA OF USERS OF A DATABASE
ACCESS SYSTEM IN WHICH ITEMS ARE
ARRANGED IN A HIERARCHY

BACKGROUND OF THE INVENTION

1. Field of the Invention

The present 1invention relates to systems and methods for
analyzing browse activity data of users of a database access 10
system, and more specifically, to the analysis of 1item selection
histories of users of a database access system to predict cat-
egory preferences or ailinities of such users.

2. Description of the Related Art

Web sites and other types of interactive systems commonly 15
host electronic catalogs for assisting users in locating and
evaluating various types of items. The items may, for
example, include physical products, journal articles, movie
and music titles, downloadable software, services, stock
assets, businesses, and/or any other type of 1tem that may be 20
represented 1n a database. Electronic catalog systems also
commonly support the ability for users to conduct various
types of item-related transactions, such as downloading an
item or purchasing an item.

Typically, the items within the electromic catalog are 25
grouped 1nto various categories and subcategories to facilitate
navigation. These categories and subcategories are often
organized 1nto a hierarchical structure referred to as a browse
tree, although the structure need not actually be a tree struc-
ture 1n a strict sense. The leal nodes (nodes that do not have 30
any children) of the browse tree typically represent the 1tems
themselves, while the non-leaf or category nodes represent
categories of 1tems. Selection of a category node typically
causes 1ts immediate children, which may be specific items or
other 1tem categories, to be displayed. Users can thus inter- 35
actively navigate the browse tree to locate items of interest.
Other types of navigation tools, such as a search engine that
supports constraint-based searches, may also be provided to
assist users in locating items.

To further assist users 1n locating items of interest, many 40
Web sites use recommendations systems, and other types of
personalization applications, to personalize Web pages for
users. For example, some systems recommend specific items
and 1tem categories to users based on the past browsing activi-
ties of such users. 45

SUMMARY OF THE INVENTION

One problem with existing recommendation systems 1s
that they commonly fail to take into account the relative 5o
ailinities or preferences users have for specific item catego-
ries. For example, a recommendation system may fail to
recognize that a user has an aflinity for a relatively unpopular
item category. Unless the user’s relatively high affinity for
this 1tem category 1s taken 1nto consideration, the recommen- 55
dations provided by the system may often be of only limited
value to the user. For example, the system may tend to rec-
ommend 1tems that are generally popular among all users, and
which are therefore already known to the target user.

The present invention addresses this problem by providing 60
a system for identifying the relative category preferences or
allinities of users. In a preferred embodiment, the system
includes a hierarchical browse structure or “browse tree” 1n
which items are arranged within a hierarchy of 1tem catego-
ries. As a user navigates the browse tree, the user’s activity 1s 65
monitored and recorded 1n a database to create a user-specific
item selection history. The 1tem selection history may also

2

reflect 1tem selections made outside the browse tree (e.g.,
selection of an 1item on a search results page). Item selection
histories may be maintained for some or all users of the
system.

An analysis component uses the 1tem selection history of
cach user, and possibly other types of activity data for the
user, to generate user-specific category preference scores for
some or all of the category nodes of the browse tree. This may
be accomplished in-part by assigning an amount of credit to
cach item selection event within the user’s item selection
history (with this amount optionally being based on the type
ol selection action performed), and distributing this amount
of credit equally among all of the ancestor nodes (categories)
ol the browse tree while summing credit amounts assigned to
like nodes. In addition to calculating individual category pret-
erence scores that are user-specific, a set of collective cat-
egory preference scores 1s calculated based on the activity
data collected for an entire population of users. Each such
collective category preference score reflects the popularity of

a corresponding category among the population of users.

The analysis component also uses a differencing function,
such as a relative entropy function, to calculate a difference
between a given user’s category preference scores and the
collective category preference scores of the user population.
The result of this calculation 1s a set of relative category
preference scores reflective of the degree to which the user’s
ailinities for specific categories differ from those of the user
population. These relative preference scores are preferably
used—either alone or 1n combination with other user profile
data—to provide personalized content to the user, such as
personalized 1tem and/or category recommendations.

Neither this summary nor the following detailed descrip-
tion 1s 1ntended to define the invention. The invention i1s
defined by the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

These and other features and advantages of the mvention
will now be described with reference to the drawings of
certain preferred embodiments, which are intended to 1llus-
trate and not to limit the invention.

FIG. 1 illustrates an exemplary browse tree for organizing,
items available through an electronic catalog system into
categories and subcategories.

FIG. 2 illustrates a set of Web site components that may be

used to profile a user.
FIG. 3 illustrates a process for determining the individual

user history scores of the category preferences table.
FIG. 4 1llustrates a method for generating a user’s relative
preference profile.

L1
]

ERRED

DETAILED DESCRIPTION OF THE PR.
EMBODIMENTS

For purposes of 1llustration, one embodiment of the inven-
tion will now be described in the context of a Web site having
a browse tree for browsing a catalog of items. The details
associated with the Web site and the browse tree of this
specific implementation are set forth in order to illustrate, and
not to limit, the mvention. The scope of the mmvention 1s
defined only by the appended claims.

FIG. 1 illustrates a browse tree 100 1n which the items of an
clectronic catalog are arranged within categories and subcat-
egories. The electronic catalog is preferably part ol a Web site
system. In other embodiments, the electronic catalog may be
implemented 1 a variety of other platforms that support
interactive browsing, such as, for example, an online services
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network, a voice-based browsing system, or an interactive
television system. The items may, for example, be physical
products (new and/or used), newspaper or journal articles,
music files, software downloads, job listings, stocks and
bonds, online auctions, and/or any other type of item com-
monly represented within an electronic catalog and organized
by category.

In the example illustrated i FIG. 1, the browse tree 100
consists of five category nodes C1-C5 and nine 1tem nodes
I1-19. Typically, a much greater number of category and 1tem
nodes are provided (e.g., hundreds or thousands of category
nodes and millions of 1tem nodes). In the 1llustrated embodi-
ment, the browse tree 100 1s 1n the form of a directed acyclic
graph, in which a child node may have multiple parent nodes.
The browse tree 100 may alternately be a pure tree structure
in which each child node can have only one immediate parent
node, or any other suitable organizational structure. The 1tems
need not all fall at the same level of the browse tree; for
example, some items may be closer to the root node than
others.

The lowest-level nodes, or “leat nodes.” of the browse tree
100 represent individual 1items, and the other nodes represent
categories and subcategories in which the items are orga-
nized. The browse tree 100 may be presented to users using,
any appropriate type of user interface, including Web pages,
proprietary-format display screens, voice iterfaces, and the
like. The selection of a particular category node C1-CS may
cause some or all of the immediate children of the node to be
displayed.

The types of categories and items included in the browse
tree 100 will generally depend upon the nature of the Web site
or other system 1n which the browse tree 100 1s implemented.
For example, 1n one embodiment, the electronic catalog sys-
tem comprises a browsable directory of news articles, and the
item nodes I11-19 represent individual news articles. In another
embodiment, the item nodes 11-19 represent products or ser-
vices that may be purchased and/or rated by users of the
system.

A user can navigate the browse tree 100 to select items of
interest for viewing. Selection of an 1tem may, for example,
lead to the display of an 1tem detail page that contains detailed
information about the item, or if the item consists of elec-
tronic content, may cause the item itself to be transmitted to
the user’s computer (e.g., 1n the case of a news article or a
music file). The system may also support the ability for users
to select specific items for purposes of performing other types
of actions. Depending upon the nature and purpose of the
system, these actions may, for example, include some or all of
the following: downloading an item, purchasing an item,
rating or reviewing an item, adding an 1tem to an electronic
shopping cart or a wish list, forwarding an 1tem or item
description to a friend by email, posting a unit of the item for
sale 1n an online marketplace, or submitting a bid for an 1tem.
Various other types of selection actions that evidence user
ailinities for specific items and 1tems categories may also be
supported.

The activity of each user within the browse tree 100 1s
preferably monitored and recorded to generate a user-specific
“1tem selection history” which specifies the items the respec-
tive user has downloaded, purchased, reviewed, rated, viewed
via an item detail page, added to a personal wish list or
shopping cart, and/or for which the user has performed some
other type of item-affinity-evidencing action. The types of
allinity-evidencing actions for which user-specific histories
are maintained will generally vary depending upon the nature
and purpose of the electronic catalog system (e.g., user opin-
1ons, retail sales, user-to-user sales, online access to media

10

15

20

25

30

35

40

45

50

55

60

65

4

content, music downloads, etc.). Further, only some types of
item selection events may be recorded (e.g., purchases only),
and not others, may be recorded within the 1tem selection
histories.

In accordance with the 1invention, the items selection his-
tories of the users are used—optionally 1n combination with
other user activity data—to predict users’ aflinity levels for
specific categories of the browse tree 100. These aflinity
levels are preferably relative levels, meaming that they take
into consideration the degree to which a user’s category pret-
erences differ from those of a general user population. The
resulting data regarding the relative category preferences of
specific users 1s 1n-turn used to provide personalized content
to such users, such as by providing personalized recommen-
dations of 1tems and/or item categories within Web pages.
The 1item selection histories used to predict the relative cat-
egory preferences of users may be limited to selection actions
performed within the browse tree 100, or may extend to
selection actions performed outside the browse tree (e.g.,
selection of an item from a search results listing).

In a preferred embodiment, the categories of interest to the
user are 1dentified by distributing credit among the category
nodes C1-CS of the browse tree 100 based on the user’s 1tem
selection history, or based on specific types of selection
actions included 1n the item selection history. In a preferred
embodiment, 1f a user performs an 1tem selection action that
1s taken 1nto consideration for purposes of determining cat-
egory allinity levels, each ancestor (immediate or non-1mme-
diate parent) of the selected item recerves an amount of credit
that 1s calculated by dividing the total amount of credit asso-
ciated with the selection action by the corresponding number
of ancestor nodes 1n the browse tree. Thus, for example, i1 a
selected 1tem has a relatively large number of ancestor nodes
(e.g., because 1t falls at a very low level of the browse tree
100), a relatively small amount of credit will be given to each
ancestor/category node. As described below, the credits
assigned to a particular category are accumulated on both a
user-speciiic basis and on a non-user specific basis to generate
two intermediate scores: one which reflects a particular user’s
allinity for the category, and another which reflects the gen-
eral popularity of the category among a population of users.

The total amount of credit may be a fixed value, such as
one. If multiple types of selection actions are taken into
consideration in determining category preferences, the total
amount of credit accorded to a given selection action may
depend upon the type of the selection action, as shown 1n
Table 1. The selection actions and credit amounts shown 1n
Table 1 are merely examples of those that may be used, and
are not intended to 1mply the need to consider multiple dii-
ferent types of selection actions

TABLE 1
[tem Selection Action Total Credit
Download or Purchase 10
Review or Rate Q
Bookmark or Add to 5
Shopping Cart
View 1

One advantage of varying the amount of credit based on the
type of the selection event 1s that the system can take into
account the degree to which each type of selection action
evidences user ailinity for the corresponding item. For
example, an actual download or purchase of an 1item purchase
can be given more weight than an 1tem viewing event or a
shopping cart add event. Other criteria, such as the amount of
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time spent viewing the 1tem, may also be taken into consid-
eration 1n determining the total amount of credit to be distrib-
uted.

In addition to using the 1tem selection histories of users to
identily category ailinity levels of users, various other types
of user activity data may be taken into consideration. For
example, users’ selections of specific category nodes may be
recorded and taken into consideration. However, to avoid
obscuring the description of how users’ 1item selection histo-
ries are preferably used to predict users’ relative category
preferences, the method will be described primarily without
reference to the other types of activity data that may be taken
into account.

FIG. 2 1llustrates a set of Web site components that may be
used to profile a user according to the mvention. As will be
appreciated by those skilled 1n the art, the division of func-
tionality between executable components, and the data struc-
tures used by these components, are largely a matter of design
choice and can be varied significantly without departing from
the scope of the invention. Further, as mentioned above, the
invention need not be implemented in conjunction with a Web
site.

The Web site system 210 includes a server 220 that pro-
cesses requests from user computers 230A-C, and/or other
types of devices such as personal digital assistants and cellu-
lar telephones, via the Internet 240 or other computer net-
work. The server 220 1s 1n communication with a hierarchical
database 250, a user database 260, and a recommendation/
content personalization module 270. The Web site 210 also
includes an analysis module 280 1n commumication with the
hierarchical database 250 and the user database 260, and
optionally 1n communication with the recommendation/con-
tent personalization module 270.

The hierarchical database 250 includes records for the
items that are accessible through the Web site 210. The hier-
archical database 250 also includes information regarding the
organization of the 1tems into categories and subcategories
within the browse tree 100. The user database 260 includes
information about the users of the site and their activity. For
example, the user database 260 may include information such
as a user’s contact information, browsing history within the
Web site 210, item selection history, or the like.

In one embodiment, the analysis module 280 accesses the
hierarchical database 250 and the user database 260 to gen-
crate a category preferences table 290, which preferably con-
tains a category prelference score for each (user, category)
pair, as shown i FIG. 2. A process for determining these
category preference scores (referred to as “individual user
history scores” or “individual scores™) 1s described below.
Such scores may be generated, for example, for every known
user of the Web site 210 or for a selected subset of users, such
as those who visit the Web site 210 on a frequent basis. Scores
for certain types or levels of category nodes may optionally be
omitted. The category preferences table 290 also includes
category prelference scores for a general user population,
referred to as “collective user history scores™ or “collective
scores.” The general user population may, for example, con-
sist of all users that have item selection histories, or of all
users meeting some other criteria. A given user need not be an
individual, but rather may be a group of individuals that share
a common user account and/or user computer 230.

It should be understood that, although the category prefer-
ences table 290 1s illustrated in FIG. 2 as a single table, 1n
practice 1t may be implemented as multiple distinct tables or
other data structures. For example, one table may be used to
store the individual user history scores, and another table may
be used to store the collective user history scores.
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The analysis module 280 uses the individual and collective
scores stored 1n the category preferences table 290 to generate
auser’s relative preference profile, which identifies the user’s
predicted levels of interest 1n specific categories based on the
user’s activity history and the activity of other users. A user’s
relative preference profile preferably comprises a series of
relative category prelference scores indicating the degree to
which the user’s category preferences ditler from those of the
general user population. The recommendation/content per-
sonalization module 270 accesses a user’s relative preference
profile to make personalized recommendations and/or other-
wise personalize the content of the Web site 210 for the user.
Examples of how users’ relative preference profiles may be
used to personalize Web site content are provided below.

In some embodiments, the analysis module 280 updates the
category preferences table 290 and the users’ relative prefer-
ence profiles periodically, such as once per day. In these
embodiments, the category preferences table 290 and the
relative preference profiles are stored in the user database
260, and the recommendation/content personalization mod-
ule 270 accesses a user’s relative preference profile from the
user database 260 when the user initiates a browsing session
or begins using the browse tree 100. The 1dentity of the user
may be determined using cookies, a log-in procedure, or
another appropriate 1identification method.

In other embodiments, the category preferences table 290
and the users’ relative preference profiles are updated 1n real-
time as users browse the electronic catalog. In these embodi-
ments, the recommendation/content personalization module
270 may access the relative preference profiles directly from
the analysis module 280 rather than through the user database
260.

The analysis module 280 preferably generates a user’s
relative preterence profile by updating the most recent ver-
s1on of the profile based on the user’s activity history since the
last update. Therefore, rather than evaluating the user’s entire
item selection history every time a new relative preference
profile 1s generated, an existing relative preference profile
may be updated incrementally to reflect the latest 1item selec-
tion events.

FIG. 3 illustrates an exemplary process for determining the
individual user history scores of the category preferences
table 290 for a given user. In block 310, the analysis module
280 retrieves the user’s activity history (item selection his-
tory) over the time period of interest. Depending on a number
of factors, the time period of interest may be a relatively short
period of time (e.g., several hours or even shorter), arelatively
long period of time (e.g., several weeks, months, years, or
since iception of monitoring), or any intermediate period of
time. In addition, the time period of interest can be adjusted to
reflect the preferences of the Web site designer. Once the
user’s activity history has been retrieved, each selection event
1s evaluated individually (blocks 320 and 370).

In block 330, the analysis module 280 determines the total
amount of credit to be distributed for a given selection event.
As discussed above, the total amount of credit to be distrib-
uted may be a variable or fixed value. If the amount varies
based on the nature of the selection event, then the analysis
module 280 can determine the total amount of credit to be
distributed by accessing a lookup table, such as the one
depicted 1n Table 1. The amount of credit accorded to a given
item selection event can also be dependent upon when the
event occurred, with more recent selection events preferably
being given more weight. In block 340, the analysis module
280 identifies each ancestor of the selected item. In block 350,
the total amount of credit to be distributed for the selection
event 1s divided by the number of ancestors of the selected




US 7,836,051 Bl

7

item. In block 360, the analysis module 280 assigns credit to
the ancestors of the selected item by adding the amount of
credit calculated in block 350 to the current total scores for the
appropriate (user, category) pairs, which correspond to the
values stored 1n the appropnate cells 1n the category pretfer-
ences table 290.

The process 1s then repeated for each selection event until
the user’s individual user history score for each category of
the browse tree 100 has been determined. The analysis mod-
ule 280 then repeats the process for every other user of the
user population to determine their individual user history
scores, and stores such scores in the category preferences
table 290. The population of users whose individual user
history scores are determined may comprise the entire user
population of the Web site 210, or any subset thereof. Once
the individual user history scores have been determined for all
of the users of interest, the collective user history score 1s
determined for each category.

The following example demonstrates how the method
illustrated 1n FIG. 3 can be used to determine a user’s indi-
vidual user history scores based on specific activity. In this
example, User 1 selects 1items 13, 17, and 19 to download
during the time period of interest. For each of these selection
events, the analysis module 280 determines the amount of
credit per ancestor to be assigned by dividing the total amount
of credit for the selection event by the number of ancestors of
the respective item, as shown 1n Table 2.

TABLE 2
Credit
Item Node Selection Event Total Credit Ancestors per Ancestor
13 Download 10 Cl,C2,C3,C4 10/4=2.5
17 Download 10 Cl,C3,C4,C5 10/4=2.5
19 Download 10 Cl, C3,C5 10/3 =3.3

Once the credit per ancestor for a given selection event has
been determined, the analysis module 280 assigns the credit
to the respective ancestor nodes by adding the appropriate
amount of credit to the user’s individual user history scores
for each of the ancestor nodes. The process 1s then repeated
for each selection event. The individual user history scores of
User 1 based on the activity described 1n this example are
shown 1n Table 3.

TABLE 3
Category Node Assigned Credit
Cl 25+25+33=83
C2 2.5
C3 25+25+33=83
C4 25+425=5
C5 2.5+ 33=5.18

The individual user history scores are stored 1n the category
preferences table 290 or other appropriate data structure or
repository, and the process 1s repeated to determine the 1ndi-
vidual user history scores for the remainder of the users of
interest. The collective user history scores are then deter-
mined by adding the individual user history scores for each
category. A sample category preferences table 290 with
example individual user history scores and collective user
history scores 1s shown 1n Table 4. In practice, the individual
scores of many thousands or millions of users may be
summed.
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TABLE 4
Cl C2 C3 C4 C5
User 1 8.3 2.5 8.3 5.0 5.8
User 2 7.5 5.0 2.5 2.5 2.5
User 3 8.3 2.5 8.3 8.3 2.5
User Population 24.1 10.0 19.1 15.8 10.8

In a preferred embodiment, the individual user history
scores are normalized by dividing each individual user his-
tory score of a user by the sum of the user’s individual user
history scores. These normalized individual user history
scores represent a probability distribution of the user’s pre-
dicted interest 1n the categories of the browse tree 100. The
collective user history scores can also be normalized by divid-
ing each collective user history score by the sum of the col-
lective user history scores. These normalized collective user
history scores represent a probability distribution of the pre-
dicted interest of the user population in the categories of the
browse tree 100. A sample category preferences table 290
with normalized individual user history scores and collective
user history scores 1s depicted in Table 3.

TABLE 5
Cl C2 C3 C4 C5
User 1 0.278 0.084  0.278  0.167 0.194
User 2 0.375 0.250 0.125 0.125 0.125
User 3 0.278 0.084  0.278  0.278 0.084
User Population 0.302 0.125 0.239 0.198 0.135

Because the item nodes 11-19 of the browse tree 100 can
have multiple parent nodes 1n some embodiments, the credit
for a particular selection event can be distributed widely
throughout the category nodes C1-C5 of the browse tree 100.
Thus, for a given selection event, credit may be assigned to a
category node that does not accurately retlect the interests of
the user.

The category nodes that accurately reflect the interests of a
user preferably accumulate credit from multiple selection
events. In addition, the effects of the erroneous assignment of
credit to category nodes that do not accurately reflect the
interests of users are preferably distributed equally among the
user population. Accordingly, one approach for distinguish
ing credits that accurately retlect a user’s interests from those
that do not 1s to compare the user’s individual user history
score for a given category to the collective user history score
for the category. Using this approach, a user’s relative pret-
erence profile can be determined.

FIG. 4 1llustrates a method for generating a user’s relative
preference profile. In block 410, the category preferences
table 290 or other appropriate data structure or repository 1s
accessed. Each category within the category preferences table
290 1s then evaluated individually (blocks 420 and 450). In
block 430, the user’s normalized individual history score for
the category 1s compared with the normalized collective user
history score for the same category to determine the user’s
relative preference score for the category. In block 440, the
user’s relative preference score for the category i1s stored in
the user’s relative preference profile. In block 460, which may
be part of a separate personalization or recommendation pro-
cess, the relative preference scores of the user are evaluated
for purposes of providing personalized content to the user
(e.g., recommendations of specific 1tems or 1tem categories).
As discussed in more detail below, a user’s relative preference
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profile can be accessed by a number of different processes or
tasks to personalize the content of the Web site for the user in
a variety of ways.

As discussed above, the user’s normalized individual user
history scores represent a probability distribution of the
user’s predicted interest 1n the categories of the browse tree
100. Similarly, the normalized collective user history scores
represent a probability distribution of the predicted interest of
the user population 1n the categories of the browse tree 100. A
user’s relative preference profile represents the distance
between these two probability distributions. Thus, each rela-
tive preference score within a user’s relative preference pro-
file indicates the extent to which the user’s predicted interest
in a given category differs from the predicted interest of the
user population 1n the category.

The distance between two probability distributions can be
measured using a variety of well-known functions, such as,
for example, the relative entropy of the two distributions, the
dot product of the distributions, the sum of squares of the
distributions, and the like. Any of these functions, or any other
suitable function (or combination of functions), can be used
to determine a user’s relative preference profile by expressing
the difference between the user’s normalized individual user
history scores and the normalized collective user history

SCOTICS.

In one embodiment, the relative entropy function 1s used to
calculate a user’s relative preference profile. The relative
entropy ol two probability distributions 1s defined as:

[l

p(n)

RE = log——
(pm) Il g(m)) = ) | plmlog

n

where RE 1s the relative entropy, p 1s the first probability
distribution, and q 1s the second probability distribution.
Therefore, in this application, p(n) 1s the user’s normalized
individual user history score at a given node n of the browse
tree 100, and g(n) 1s the normalized collective user history
score at the same node n of the browse tree 100. If a user has
a high relative entropy, this 1s an indication that the user 1s
somewhat choosy or i1diosyncratic, whereas a low relative
entropy indicates that the user’s preferences correspond to the
norm for the user population.

In this embodiment, each summand of the relative entropy
function represents the relative preference score for the cor-
responding node, or:

RP(n) = p(wlogh

g(n)

where RP(n) 1s the relative preference score for a given node
n of the browse tree 100. Table 6 shows the relative preference
scores based on the relative entropy function (log base 2), as
well as the sum of the relative preference scores for the data of
the sample normalized category preferences table 290 shown
above 1n Table 5.

TABLE 6
Cl C2 C3 C4 C5 TOTAL
User 1 -0.034 —-0.049 0.059 —0.041 0.101  0.037
User 2 0.117 0.249 —-0.117 —-0.083 -0.014  0.152
User 3 -0.034 —-0.049 0.059 0.135 -0.058  0.054

Because a user’s relative preference score for a given cat-
egory takes mnto account the difference between the user’s
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predicted interest 1n the category and the predicted interest of
the user population, the relative preference score often pro-
vides a more accurate prediction of the user’s interest 1 a
category than the user’s individual user history score for the
category. For example, a user may have a high normalized
individual user history score 1n a particular category but a low
relative preference score 1f the category also has a high nor-
malized collective user history score. This indicates that,
while the user may be interested in the category, the user’s
interest 1s merely consistent with the interest of the user
population 1n the category.

For instance, in the example described above, the highest
normalized individual user history scores of User 1 are in
Categories 1 and 3, but the user’s relative preference scores 1n
these categories are somewhat low because the categories
also have high normalized collective user history scores. On
the other hand, User 1 has a rather high relative preference
score 1n Category 5 because the user’s normalized individual
user history score in the category 1s significantly higher than
the normalized collective user history score in the category.

Because the manner in which a browse tree 1s structured 1s
often somewhat arbitrary, 1t can be desirable to analyze the
browse tree using algorithms that do not require the browse
tree to be structured in a particular way. One advantage of
using relative preference scores rather than individual user
history scores to predict the interests of users 1s that the
relative preference scores are less dependent on the particular
structure of the browse tree. In addition, even 1f the structure
of a given browse tree changes over time, the individual,
collective, and relative preference scores can easily be recal-
culated based on the users’ 1tem selection histories and the
new browse tree structure.

The following are examples of some of the ways a user’s
relative preference profile may be used to provide personal-
1zed content to that user:

Personalized ordering of category nodes within browse
tree: During navigation of the browse tree 100, when a user
selects a category node that has other categories as children,
these other categories are displayed in order of highest to
lowest relative preference score. Thus, for example, those
categories for which the user has the highest relative prefer-
ence will be displayed near the top of the list, and those for
which the user has the lowest relative preference will be
displayed near the bottom of the list.

Featured categories and/or 1tems on home page: In one
embodiment, the Web site’s home page (also referred to as a
gateway page) 1s personalized to include a display of specific
items and/or categories that are deemed likely to be of interest
to the user. These “featured” i1tems and categories may be
selected based in-whole or 1n-part on the user’s relative pret-
erence profile. For instance, the web page may be personal-
1zed with a listing of the N categories for which the user’s
relative preference scores are the highest, and/or with 1tems
selected from such categories.

Personalized recommendations: Many Web sites provide a
link or other option for allowing users to view personalized
item recommendations. These recommendations may be gen-
erated based 1in-whole or 1in-part on the subject user’s relative
preference profile. For example, 1f a preexisting recommen-
dations engine 1s used, the output (list of recommended 1tems)
of the recommendation engine can be ordered for display
such that those items falling in categories for which the user’s
relative preference scores are the highest are displayed more
prominently. In addition, items falling solely 1n categories for
which the user has low relative preference scores may be
displayed less prominently (e.g., at a lower position in the
list), or may be filtered out.
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Featured categories within browse tree: U.S. Pat. No.
6,489,968, the disclosure of which 1s hereby incorporated by
reference, describes a system 1n which, when a user selects a
category node at an upper level of a browse tree, the most
popular categories and 1tems falling multiple levels below the
selected category are selected to present to the user as “fea-
tured” categories and 1tems. Thus, categories and 1tems that
ordinarily would not be visible at the current level or branch
of the browse tree, but which are (non-immediate) chuldren of
the selected category, are exposed to the user. One variation to
this method 1s to select the categories and/or 1tems to feature
based in-whole or m-part on the user’s relative preference
profile. For example, when a user selects an upper level cat-
egory node of the browse tree, the user’s relative preference
scores for all non-immediate child categories can be com-
pared, and those with the highest scores can be selected to
display (optionally together with selected 1tems from such
categories).

The foregoing and other personalization methods may be
implemented within real-time personalization components
that are executed by the Web site’s servers 1n response to the
actions of online users. Users’ relative preference profiles
may also be used for other purposes. For example, the relative
preference profiles of users can be compared to identify
“similar users” for purposes of implementing collaborative
recommendations algorithms or for purposes of forming
online communities.

As will be recognized, the methods described herein can
also be used to profile entities other than users. Specifically,
any entity that has a set of item IDs associated with 1t can be
profiled by analyzing this set of item IDs 1n the same way that
users’ 1tem selection histories are analyzed 1n the description
above. For example, an 1tem category or cluster can be pro-
filed to 1dentily the most similar categories or clusters.

Although this mvention has been described in terms of
certain preferred embodiments, other embodiments that are
apparent to those of ordinary skill in the art, including
embodiments that do not provide all of the features and
advantages set forth herein, are also within the scope of this
invention. Accordingly, the scope of the present invention 1s
defined only by reference to the appended claims.

What 1s claimed 1s:

1. A computer-implemented method of analyzing browse
activity data of users of a database access system, the method
comprising;

providing a browse tree 1n which 1tems represented within

a database are arranged within item categories over mul-
tiple levels of 1item categories;

assigning individual user history scores to specific catego-

ries of the browse tree based at least in-part on an 1tem
selection history of a user, wherein the individual user
history scores represent the user’s predicted atfinities for
the corresponding item categories;

assigning collective user history scores to specific catego-

ries of the browse tree based at least in-part on item
selection histories of a population of users, wherein the
collective user history scores represent the predicted
aifinities of the user population for the corresponding
item categories; and
evaluating differences between the individual user history
scores and the collective user history scores to generate

a relative preference profile for the user, wherein the

relative preference profile comprises relative preference

scores for specific item categories, said relative prefer-

ence scores retlecting a degree to which the user’s pre-

dicted affinity for a category differs from the predicted
aifinity of the user population for that category.
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2. The method of claim 1, wherein assigning individual
user history scores to specific categories comprises:

(a) determining an amount of credit to be distributed for an
item selection event in which the user selected an 1tem;
and

(b) distributing said amount of credit among the 1item cat-
egories under which the 1tem falls, including 1tem cat-
egories at multiple levels of the browse tree.

3. The method of claim 2, further comprising repeating (a)
and (b) for each of a plurality of selection events while sum-
ming credit values assigned to like item categories.

4. The method of claim 1, wherein evaluating differences
between the individual user history scores and the collective
user history scores comprises calculating at least one of a
relative entropy function, a dot product function, or a sum of
squares function of the individual user history scores relative
to the collective user history scores.

5. The method of claim 1, further comprising providing
personalized 1item recommendations to the user based at least
in-part on the relative preference profile.

6. The method of claim 1, further comprising providing
personalized category recommendations to the user based at
least in-part on the relative preference profile.

7. The method of claim 1, wherein the item selection his-
tory of the user comprises a history of items selected for
downloading.

8. The method of claim 1, wherein the item selection his-
tory 1s based solely on the user’s selections of items during
browsing of the browse tree.

9. The method of claim 1, further comprising incremen-
tally updating the relative preference profile of the user in
response to new 1tem selection events of the user.

10. The method of claim 9, wherein the relative preference
profile 1s updated substantially 1n real-time as the user inter-
acts with the browse tree.

11. A method of distributing credit for a selection event
among the nodes of a browse tree, the method comprising:

determining a total amount of credit to be distributed for
the selection event 1n which a user selected an 1tem
within the browse tree;

identifying each ancestor node of the selected 1tem within
the browse tree;

dividing said total amount of credit by the number of ances-
tor nodes of the selected 1tem to determine an amount of
credit per ancestor to be distributed for the selection
event; and

assigning said amount of credit per ancestor to the ancestor
nodes of the selected item within the browse tree;

said method performed by a computer system.

12. The method of claim 11, wherein said total amount of
credit 1s the same for all selection events.

13. The method of claim 11, wherein said total amount of
credit varies based on the nature of the selection event.

14. The method of claim 11, wherein the selection event
comprises viewing an item and said total amount of credit
varies based on the amount of time spent viewing the item.

15. A database access system comprising;:

a server system coupled to a communications network, said
server system providing access to a browse tree 1n which
items represented within a database are arranged within
a hierarchy of 1tem categories over multiple levels of
item categories, said server system configured to main-
tain 1tem selection histories for each user within a popu-
lation of users;

an analysis module which analyzes at least the item selec-
tion histories to predict user affinities for specific item
categories of the browse tree, wherein the analysis mod-
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ule additionally generates a relative preference profile
for a given user by calculating differences between the
user’s predicted aflinities for specific item categories of
the browse tree and the population’s predicted affinities
for said item categories; and

a recommendation module coupled to the server system
and configured to access the relative preference profile
of the user to make personalized recommendations to
the user based at least in-part on the relative preference
profile.

14

16. The system of claim 15, wherein the analysis module
calculates the user’s predicted affimities for the specific item
categories based at least imn-part by distributing an amount of
credit associated with an item selection event among a plu-
rality of item categories under which the selected 1tem falls
within the browse tree.
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